INTRODUCTION
============

Greenhouse gas (GHG) emissions accumulating in the atmosphere may push Amazon forests into a new low-biomass state by altering regional precipitation and temperature regimes. This climate-induced forest transition has the potential to release large amounts of GHGs to the atmosphere and accelerate global warming ([@R1]). Although CO~2~ fertilization of forests may partially offset this forest dieback ([@R2]), most models lack representation of important negative processes such as wildfires ([@R3]). Fire disturbance is already driving large-scale forest mortality across the drier portions of the Amazon basin ([@R4]) and is likely to expand into wetter areas as climate and land use change ([@R5]). Ignoring this potentially large source of GHG emissions to the atmosphere may restrict our ability to mitigate climate change and, consequently, undermine effective conservation of Amazon forests. Better understanding of future fire regimes in Amazonia could help guide efforts to increase regional capacity to prevent accidental forest fires and their negative impacts on ecosystem services, socioeconomic well-being, and biodiversity ([@R6]).

Deforestation in the Brazilian Amazon declined by 70% between 2004 and 2014 ([@R7]), avoiding the equivalent of 12% of global annual CO~2~ emissions ([@R8]), the main GHG causing climate change. Over the same period, emissions of CO~2~ and other GHGs associated with wildfires (e.g., CO, CH~4~, NO*~x~*, and N~2~O) accelerated. Interactions between agricultural activities, illegal fires, and extreme weather events intensified Amazon fire regimes and their associated emissions ([@R9], [@R10]). During the 2000s alone, \~85,000 km^2^ of primary forests burned in Amazonia, mostly during the 2005 and 2010 droughts linked to the warm phase of the Atlantic Multidecadal Oscillation (AMO) ([@R9]). In 2015, the central Amazon experienced a similar spike in fire activity during another severe and widespread drought event, triggered by anomalous warming of both the tropical Pacific (El Niño) and the tropical North Atlantic ([@R9]). Superimposed upon these episodic droughts, climate change will likely promote even more frequent, intense, and extensive drought events. The strong climatic control over these wildfire events ([@R11]) suggests that forest flammability will increase in the near future, especially if deforestation rates increase but even if they decline ([@R5]). Addressing large-scale forest degradation by Amazon wildfires is therefore critical to quantifying future global GHG emissions.

In Amazonia, surface forest wildfires emit GHGs to the atmosphere via three main mechanisms. First, the combustion of fuels (e.g., leaves, twigs, and branches) instantly transfers CO~2~ to the atmosphere, with most tropical wildfires contributing between 20 and 60 MgC ha^−1^ ([@R12]--[@R14]). Second, thermal degradation of biomass causes the release of several types of GHGs other than CO~2~, including methane (CH~4~), nitrous oxide (N~2~O), carbon monoxide (CO), and nitrogen oxides (NO*~x~*). Last, post-fire tree mortality contributes CO~2~ emissions to the atmosphere for several years or decades as trees continue to die and decompose ([@R13]--[@R15]). Although forest recovery can offset CO~2~ emissions associated with post-fire tree mortality, recovery may be slowed when high-intensity fires kill seeds and bud (resprout) banks and create niche spaces for invasive species such as grasses ([@R14]).

Here, we used a coupled fire-ecosystem model (fig. S1) to assess the synergies between climate change and deforestation in determining burned area (BA) and fire-induced emissions of CO~2~, CO, CH~4~, N~2~O, and NO*~x~* (hereafter referred to as eCO~2~) from the driest portions of the Amazon. This region represents 61% of the Brazilian Legal Amazon ([Fig. 1](#F1){ref-type="fig"}) and is a hot spot of forest fire activity ([@R10]). Our fire model simulates daily fire ignition and spread as a function of climatic conditions, land use, fuel loads, and terrain at 500-m resolution. Our ecosystem model also represents forest carbon (C) dynamics and drought-induced changes in fuel loads and drying---a process that is absent in most ecosystem models (fig. S1). We used this coupled model to test the hypothesis that future forest fires will be highest where (i) forest edges are exposed to ignition sources due to deforestation and fragmentation and (ii) climate becomes drier and hotter because of the accumulation of atmospheric GHGs. Conversely, BA could decrease where high deforestation reduces forest connectivity and associated fuel continuity, despite the presence of flammable edges. We also expected low BA where dense primary forests create a moist understory microclimate ([@R16]). The latter includes the interior of protected areas and indigenous reserves, referred to here as protected forests. Our model simulations from 2000 to 2050 represent two scenarios of climate change \[low emissions: representative concentration pathway 2.6 (RCP2.6); high emissions: RCP8.5\], two scenarios of deforestation \[following recent trends (D) and no deforestation (N)\], and their combination (RCP2.6D, RCP 8.5D, RCP2.6N, and RCP 8.5N).

![Historical patterns of BA across Brazil's southern Amazon for the period 2002--2010.\
**1** (top): Observed fire scars from Morton *et al.* ([@R10]). **2** (middle): Simulated fire scars based on our fire model \[fire ignition and spread for C (FISC)\]. **3** (bottom): Observed (upper panels) and simulated (lower panels) patterns of BA for three regions of the southern Amazon (indicated on the upper panels).](aay1632-F1){#F1}

RESULTS
=======

Model robustness
----------------

Our probabilistic fire model captured broad spatial and temporal patterns of ignition sources and BA for the southern Brazilian Amazon ([Fig. 1](#F1){ref-type="fig"}). The simulated number of hot pixels (our proxy for fire ignitions) was highest during the dry season and lowest during the wet season ([Fig. 2](#F2){ref-type="fig"}), when low vapor pressure deficit (VPD) usually damps forest flammability to zero ([@R16]). The simulated number of hot pixels approximated observed patterns \[*R*^2^: 0.83; slope: 1.60; root mean square error (RMSE): 2431.88; [Fig. 2](#F2){ref-type="fig"}\], although there were fewer simulated ignition sources than observed. Simulated regional and temporal patterns of fire scars also agreed with observations (*R*^2^: 0.88; slope: 0.88; RMSE: 0.18) ([Fig. 2](#F2){ref-type="fig"}). Specifically, the BA peaked during dry, hot years and occurred mostly along forest edges across the Arc of Deforestation, consistent with BA patterns typical of the southern Amazon in recent decades ([@R10], [@R11]).

![Seasonal patterns of active fires in deforested areas near forest edges (≤4 km) for the southern Amazon.\
(**A**) Seasonal patterns in active fires ("hot pixels") in deforested areas near forest edges for the southern Amazon in 2003. "Observed" stands for NOAA---12 satellite night active fires ([@R10]), while "Simulated" stands for FISC active fires. The correlation between observed and simulated active fires was strong (*r*^2^ = 0.91) and significant (*P* \< 0.01). (**B**) Annual variability in BA (understory fires) for the southern Amazon using a coupled fire-ecosystem model. The correlation between observed ([@R10]) and simulated active fires was strong (*r*^2^ = 0.94) and significant (*P* \< 0.01).](aay1632-F2){#F2}

In addition to capturing spatial and temporal patterns of BA, our modeling framework properly represented observed patterns of fire intensity and severity in southern Amazonia. Once a given forested pixel ignited, our ecosystem model simulated the fireline intensity from fuel consumption (*W*), fire spread rate (FSR), and the constant heat yield per unit of fuel combusted. Compared with observed values from a large-scale fire experiment in southeast Amazonia ([@R4]), the modeled fireline intensity and associated variables (*W* and FSR) performed relatively well during drought and nondrought years ([Fig. 3](#F3){ref-type="fig"}). Fire intensity during the droughts of 2007 and 2010 was substantially higher than that during the nondrought years because of the simulated variability in understory VPD and fuel availability. On the other hand, our model overestimated FSR by 48%, underestimated fuel consumption by 25% during nondrought years, and overestimated fuel consumption by 18% during drought years. This suggests that the simulated fires could lead to higher mortality.

![Simulated and observed patterns in fire behavior for southeast Amazonia.\
Observed data were collected in the context of a large-scale fire experiment, in which 50-ha experimental plots were burned annually (with the exception of 2008) or triennially between 2004 and 2010 ([@R6]). During 2007 and 2010, the region experienced severe droughts and increased air temperature. (**A**) Fireline intensity. (**B**) Rate of fire spread. (**C**) Understory VPD. (**D**) Fuel mass consumed by the experimental fires.](aay1632-F3){#F3}

Our coupled fire-ecosystem model was most sensitive to variability in understory VPD, with drought \[as represented by the maximum climatological water deficit (MCWD)\] having an important secondary effect (fig. S2). Thus, BA and eCO~2~ emissions from wildfires occurred mostly during drought years that caused canopy opening and increased understory VPD.

Fire regimes in a changing climate---No new deforestation
---------------------------------------------------------

Even with no new deforestation, simulated fire regimes intensified across the southeast Amazon under climate change scenarios RCP8.5N and RCP2.6N. Compared to the 2000s, simulated forest fires in subsequent decades burned larger areas, combusted more fuels, released more energy, and emitted more eCO~2~ to the atmosphere ([Fig. 4](#F4){ref-type="fig"}). Gross emissions of eCO~2~ from these fires totaled 16.5 Pg (RCP 2.6N) and 13.7 Pg (RCP8.5N) by 2050. For the period 2001--2050, the RCP8.5N scenario resulted in more severe fires but reduced BA, compared to the conservative GHG emission scenario (RCP2.6N). As a result, the model projected higher gross GHG emissions in RCP2.6N than in RCP8.5N for the entire period. After the 2030s, BA and eCO~2~ increased more in RCP8.5N than in RCP2.6N, suggesting that the radiative forcing of 8.5 W had increasingly important effects on fire regimes as climatic conditions changed (table S1).

![Fire regime metrics for the southern Brazilian Amazon between 2001 and 2050.\
(**A**) Annual BA (first *y* axis; bars) and cumulative BA (second *y* axis; lines) projected under two climate change scenarios (RCP2.6 and RCP2.6; solid lines) and two deforestation scenarios (D: BAU; N: no new deforestation; dashed lines). The bars represent only the RCP8.5D and RCP2.6D scenarios. (**B**) Fire intensity, represented by 5-year moving averages (solid lines) and annual values. (**C**) Annual gross C emissions from projected wildfires. Dashed lines represent deforestation-only baselines for the periods 2000--2005 (upper line) and 2006--2010 (lower line). (**D**) Net emissions from modeled deforestation alone (dotted black line) and forest fire scenarios (colored lines).](aay1632-F4){#F4}

Fire regimes in a changing climate---BAU deforestation
------------------------------------------------------

When we accounted for new deforestation in our simulations, BA and fire-related eCO~2~ emissions increased under both climate scenarios (RCP8.5D and RCP2.6D), compared to the no-deforestation simulations (RCP8.5N and RCP2.6N). Under RCP8.5D, simulated BA and gross eCO~2~ emissions from forest fires totaled 22.3 Mha and 17.0 Pg, respectively, between 2010 and 2050. These values were 30 and 22% higher than in RCP8.5N ([Fig. 4](#F4){ref-type="fig"}), suggesting strong interactions between climate change and deforestation in the near future. Overall, the scenario representing deforestation and high radiative forcing (RCP8.5D) yielded the highest gross eCO~2~ emissions from wildfires. In contrast, climate scenarios without new deforestation yielded the lowest fire-related eCO~2~ emissions (tables S1 and S2).

As deforestation interacted with climate change in our simulations, the number and geography of Amazon wildfires changed compared to current BA ([Fig. 5](#F5){ref-type="fig"}). A 5% decline in forest area from 2010 to 2050 (due to deforestation) increased the simulated BA by 47% (RCP8.5D) and 40% (RCP2.6D) ([Fig. 4](#F4){ref-type="fig"}). In the scenario representing business-as-usual (BAU) deforestation rates, drought-induced fuel accumulation and drying increased wildfire activity, even in areas experiencing low deforestation. Although protected areas and indigenous lands effectively deterred most deforestation, these forests experienced an actual increase in BA in the future (from 27 to 42%) due to the combined effects of high fuel loads, increased dryness, and fuel continuity. In older frontiers with more fragmented forests, the projected BA decreases (from 73 to 58%), probably because of the lack of large forest blocks available to burn. In addition, BA was already extremely high in the beginning of our simulations, so there was little room to further increase.

![Projected deforestation and BA.\
Future projections of fire scars and deforestation for Brazil's southern Amazon from 2011 and 2050 under the RCP8.5D scenario. Darker green represents protected areas and indigenous reserves, while yellow colors show deforested areas.](aay1632-F5){#F5}

Post-fire recovery---Net emissions
----------------------------------

Most fire-related GHG emissions in our simulations resulted from combustion and post-fire tree mortality releasing CO~2~ to the atmosphere. CO~2~ and CO accounted for 70 and 7% of total emissions, respectively. Together, other GHGs contributed 23% (table S1). Although we expected post-fire forest regrowth to partially offset CO~2~ emissions, our simulations show lower capacity of forests to recover their C stocks in the near future. Future dry-warm climatic conditions caused reduced C stocks due to high-severity fires and larger BA. Post-fire recovery of C stocks also decreased because future climate conditions reduce potential forest biomass. As a result, we project that a greater proportion of C emissions from future forest fires will remain in the atmosphere rather than being assimilated back into forests. Assuming average rates of biomass recovery, cumulative net C emissions (emissions minus recovery) from these fires could reach 1 PgC for both RCP2.6N and RCP8.5D scenarios between 2010 and 2050. However, our simulations show that avoiding new deforestation could reduce net emissions by 38% (RCP2.6) and 56% (RCP8.5D). Preventing repeated burning could also promote faster forest recovery of C stocks, given that 26% of the study region experienced repeated burning.

DISCUSSION
==========

In southern Amazonia, forest fire regimes have drastically changed over the past three decades ([@R9]--[@R11]). Interactions between human activities and extreme weather events have triggered wildfires that burn larger areas and emit more C to the atmosphere, even in areas where deforestation has declined ([@R9]). During the early 21st century, escaped forest fires may have accounted for a third of total emissions from deforestation, with emissions from wildfires likely surpassing those from deforestation in extreme drought years ([@R9]). Our projections support these previous findings and point to an acceleration of fire activity in southern Amazonia in the coming decades. We show that 16% of the region's forests may burn as the climate becomes drier and hotter in the next few decades. The eCO~2~ emissions from these fires could reach 6.0 Pg in the 2050s, compared with 2.1 Pg in the 2000s. If deforestation continues at current (relatively low) levels, emissions from understory forest fires will regularly surpass those from deforestation. Decreasing global GHG emissions to near zero may reduce the likelihood of severe droughts and associated wildfires. However, the projected outcomes of RCP2.6 and RCP8.5 only began to diverge after 2030, suggesting that the region is already committed to substantial warming and drying under both scenarios. This will likely increase wildfire activity in the next decades ([@R5], [@R17]).

Despite the likely intensification of fire regimes in southern Amazonia, avoiding new deforestation could substantially reduce BA and associated emissions. Compared with the (BAU) deforestation scenarios, we project that preventing new Amazon deforestation reduces BA and eCO~2~ net emissions by up to 30 and 56% (RCP8.5), respectively. With no deforestation, the perimeter of forests exposed to sources of ignition decreases, leading to lower BA ([@R18]). However, we observe a nonlinear relationship between forest fragmentation and BA. Across highly fragmented regions, for instance, the lack of forest connectivity limits BA not only because large fragments are unavailable to burn but also because BA is already high at the beginning of our simulations. In contrast, large tracts of primary forest become flammable and experience increased burning, but only when dry-warm climatic conditions drive forest thinning and associated increases in understory dryness, mostly after 2030. Primary forests in southern Amazonia are less likely to burn early in our simulations because of their high canopy cover and associated high fuel moisture, but they become flammable as droughts and high atmospheric VPD increase fuel availability by warming the forest understory and building up fuel loads. There is ample empirical evidence supporting these behaviors in our model, given that soil drying tends to cause increased mortality of large trees and associated fuel availability ([@R19]--[@R22]).

As large tracts of primary forest become flammable, our model projects that protected forests will burn more frequently in the coming decades ([@R12]). Protected forests not only have effectively deterred most deforestation but also promoted high forest fuel continuity due to forest connectivity. Although the moist forest understory inside those areas prevents fires from spreading in most years ([@R16]), fuel moisture decreases over time in our simulations as droughts became more intense and frequent and the background VPD increases. Consequently, fires in the future will likely burn larger areas inside protected forests, as decreased precipitation, higher temperatures, and understory drying increase the flammability of intact forests. An earlier modeling study with no such dynamic representation ([@R23]) found that, instead of becoming more flammable over time, a large protected forest in the southern Amazon (Xingu Indigenous Park) could block fire spread in the near future. Regardless, preventing increased BA inside protected areas will require substantial effort to reduce sources of ignition in the face of more intense droughts and increased flammability of protected forests in southern Amazonia. Another important action to constrain wildfires inside protected forests is to constrain human activities that degrade forests, which can cause increases in fuel loads and dryness. Such activities (e.g., logging) occur much more often outside protected areas but could move into those areas in the future if Brazil's enforcement capacity is diminished ([@R1]).

Droughts controlled most of the spatial-temporal patterns in BA and fire-induced emissions in our simulations, in agreement with recent observations ([@R11]). Projected regional warming played an important secondary role. Two major assumptions allowed our fire-ecosystem model to represent such patterns. First, drought-induced fuel accumulation and drying in our model changed, as in 2005, when a severe drought caused increased mortality of Amazonian trees ([@R24]). While this assumption is likely to hold in the near future, modeling drought-induced changes in forest disturbance and fuel dynamics under extreme climate change into the distant future would require explicit representation of physiological processes such as plant hydraulic failure, drought-induced C starvation ([@R25]), and changes in forest resilience due to CO~2~ fertilization ([@R2]). The development and application of such models for tropical systems have been hampered by our poor understanding of how extended dry periods affect canopy phenology and tree mortality ([@R26]). Our simulations also lack several stressors that could slow biomass accumulation even further during the recovery period \[e.g., liana infestation, nutrient depletion, and windthrow events, among others ([@R26])\], although our model captured reduced C recovery after fires due to dry-warm climatic conditions, as previously suggested ([@R27]).

Despite the complex processes affecting fire behavior, intensity, and severity in tropical forests, our modeling approach captured major features of forest fire behavior and severity for southern Amazonia. However, we assume that drought frequency during the 2000s is representative of future drought regimes, while drought intensity and extent will change with future climate projections. This implicitly assumes that the AMO will remain in a warm phase in the coming decades and that drought extent will be similar to that of the 2000s. This characteristic of our model probably underestimated BA and fire-induced C emissions in the central and eastern Amazon, where extended dry periods are also triggered by El Niño--Southern Oscillations ([@R9]). Advances in climate projections are needed to better represent the teleconnections among future GHG emissions, changes in sea surface temperature anomalies, and Amazon precipitation patterns ([@R20]). Our model also assumes that all forests in southern Amazonia were equally susceptible to fire, but recent studies point to important variability in bark thickness distribution---the main plant trait controlling fire-induced tree mortality across the basin ([@R28], [@R29]). Had we accounted for such variability, forests in wetter regions would probably exhibit higher fire-induced tree mortality than dry forests, which are more likely to survive wildfires. Last, recurrent fire in our model probably underestimates losses in C stocks after fires, compared with studies in the central Amazon ([@R20]). Hence, improvements in the model could lead to higher fire-induced C emissions, even with our model simulating slightly higher fire intensity than observed in a large-scale fire experiment ([@R4]).

The projected intensification of Amazon fire regimes under both RCP2.6 and RCP8.5 climate scenarios in the coming decades underscores the need to counteract increasing fire risk to conserve Amazon forests. Avoiding deforestation could substantially reduce fire-induced GHG emissions (e.g., up to 50% in our simulations), but not enough to offset emission increases associated with climate change. A transition away from fire-dependent to fire-free agriculture and agroforestry systems would reduce sources of ignition and ultimately wildfires ([@R22])---a trend that has already been reported in some tropical regions ([@R30]). Where there is a strong socioeconomic dependence on slash-and-burn systems, fire management techniques should be used to minimize the risk of agricultural fires escaping into neighboring forests while avoiding the negative socioeconomic effects of fire prevention to smallholders and traditional and indigenous peoples ([@R31]). Command-and-control operations against illegal agricultural fires are another important tool to prevent wildfires ([@R22]). Furthermore, expanding the existing network of well-trained and equipped fire brigades could enhance Brazil's ability to suppress unwanted fires. Last, specialized weather forecast systems and fire behavior models have effectively guided fire suppression efforts in many countries, often months before the fire season starts ([@R32]). These strategies could be readily adapted to and implemented in Brazil ([@R32]).

Aggressive efforts to reduce sources of fire ignition and suppress unwanted fires could reduce the likelihood of burning large tracts of Amazonian forests, including protected areas and indigenous reserves. These actions will be most effective if accompanied by a global decrease in GHG concentrations in the atmosphere. In particular, after 2040, increased GHG emissions may create much more flammable landscapes by triggering widespread droughts and regional warming in Amazonia ([@R5]). In the absence of sharp reductions in global GHGs to mitigate these negative effects, local and regional efforts to reduce fire probability may yield only short-term results.

MATERIALS AND METHODS
=====================

Study area
----------

The study area comprises the meridional Brazilian Amazon, where prolonged dry seasons (3 to 5 months with precipitation ≤100 mm) create conditions for understory forest fires, especially during drought years. The total modeled area was \~192 Mha, of which 72% is covered by native forests. The main land use in the deforested area was cattle ranching, with mechanized agriculture ranking second ([@R33]).

Modeling
--------

To address the question of how climate and land use change may affect fire regimes in Amazonia, we used a coupled fire-ecosystem model ([@R34], [@R35]). Our fire model \[fire ignition and spread for C (FISC); fig. S1\] simulates monthly fire ignition and BA at a resolution of 25 ha for the Amazon region ([@R34], [@R23]), while our ecosystem model \[C and land use change (CARLUC)\] simulates monthly forest C dynamics as a function of climatic variables ([@R17]). Both models are implemented using Dinamica EGO modeling platform. Below, we describe each component of the models used in this study.

Fire ignition
-------------

FISC estimates the likelihood of agricultural fires igniting a wildfire by combining two probabilities. First is the climatic probability of fire ignition, estimated from monthly maps of climate dryness (e.g., VPD) from the Climate Research Unit (CRU) and National Centers for Environmental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) databases (table S3). Second is the probability of active fires ("hot pixels") occurring in deforested fields near forest edges (≤4 km), estimated annually on the basis of a set of biophysical spatial variables---including location and size of urban areas and deforestation (table S3). Once these probabilities are calculated, FISC evaluates whether their sum exceeds a random number generated according to a beta distribution ([@R34]). If this random number is exceeded, FISC simulates a successful source ignition (fig. S1) ([@R1]). This model has been extensively calibrated and validated for the Amazon using active fire data ([@R23]).

Fire spread
-----------

FISC simulates fire propagation using cellular automata. Specifically, if a given forested cell is ignited by an agricultural fire, FISC calculates the probability of this ignition source spreading into each neighboring cell for each model iteration (i.e., 30 per month) (fig. S1). There are four sets of variables defining whether fire spread will occur (table S4): wind intensity and direction ([@R34]); fine fuel loads estimated by our ecosystem model (CARLUC); terrain features such as upslope direction, obstacles, and different land uses ([@R34], [@R23]); and microclimate conditions (i.e., forest understory VPD) estimated by CARLUC. The fire spread module has been calibrated and validated using fire scar maps from Morton *et al.* ([@R10]). Our results show that FISC captured the spatial-temporal variability in fire scars across the southern Amazon during the 2000s.

Ecosystem model
---------------

CARLUC is a process-based C cycle model that borrows its basic structure from the Physiological Processes Predicting Growth (3 PG) forest model ([@R35], [@R36]). CARLUC estimates net primary productivity from plant available water, photosynthetically active radiation, VPD, and air temperature (table S5). During each monthly time step, net primary productivity is allocated to wood, leaf, and root C pools. Mortality creates necromass that is placed in structural leaf litter, metabolic leaf litter, structural root litter, metabolic root litter, coarse woody debris, and humus pools. Leaf litter and small woody fuels (i.e., 1-hour fuels) are considered as the fuel load ([@R17]). In addition to C dynamics, CARLUC simulates (i) drought-induced effects on fuel dynamics; (ii) litter moisture content (LMC; %), estimated from VPD; (iii) FSR (m·min^−1^), estimated from LMC; (iv) fire fuel consumption (*W*; kg·m^−1^), estimated from LMC and fuel load mass; (v) fireline intensity (kW·m^−1^), estimated from FSR and *W*; and (vi) fire-induced biomass losses, derived from field measurements of fireline intensity ([@R17]).

CARLUC's representation of the relationship between drought and changes in biomass was derived from the Amazon forest inventory network ([@R24]). Specifically, changes in aboveground biomass and the ΔMCWD observed during the 2005 drought were compared with the long-term average. CARLUC assumes that when ΔMCWD drops below −40 mm, losses in aboveground biomass occur following a linear function of ΔMCWD ([@R24], [@R37]). This process triggers associated changes in fuel loads and moisture. The fire model has been calibrated for the southern Amazon using data from a large-scale fire experiment ([@R4]).

Once a given pixel of forest burned, gross GHG emissions occurred in our simulations according to (i) the amount of fuel consumed by the fires (a function of fuel moisture and loads) ([@R17]); (ii) how much CO~2~, CO, CH~4~, N~2~O, and NO*~x~* our simulated fuel consumption generated, which followed emission factors from the Intergovernmental Panel on Climate Change ([@R38]); and (iii) how much change in above- and belowground biomass occurred when a given pixel of forest burned. Fire-induced reductions in forest C stocks increased as a function of fire intensity, which is affected by fuel amount and moisture ([@R17]). In our estimates of gross C emissions, we included eCO~2~ derived from fuel combustion and from the decomposition of trees killed by the fires. To calculate net emissions, we assumed that C emissions from tree decomposition were counterbalanced by post-fire vegetation regrowth (as represented by biomass accumulation) over several years. Our model assumed that recovery of C stocks would be total if there were no changes in climatic conditions. In addition, the model assumes that all forests of the Amazon have the same resistance to fire, even when it is affected by fire more than once, which may substantially underestimate fire effects on tree mortality ([@R17]).

Climate projections
-------------------

Our fire and ecosystem models were forced with climate data representing two levels of future global radiative forcing, the RCP2.6 and 8.5 W m^−2^. RCP2.6 assumes negative emissions and is the scenario most closely mirroring the Paris (COP21) agreement. RCP8.5 represents BAU fossil fuel emissions ([@R39]). To run our fire-ecosystem model, we used simulations from the three climate models participating in the Coupled Model Intercomparison Project Phase 5 (CMIP5) that best represent historical temperature patterns and precipitation seasonality for the Amazon: Hadgem2-es ([@R40]), Miroc-esm ([@R41]), and Mri-cgcm3 ([@R42]) (fig. S2). We used temperature data from the CRU and precipitation from the Tropical Rainfall Measuring Mission (3B42 product) to evaluate and bias-correct these climatic variables.

To estimate potential changes in VPD in the coming decades, we assumed that future changes in air temperature would drive changes in VPD by correcting the mismatch between modeled and observed climate. Specifically, we sliced projected air temperature time series into historical (1950--2005) and future (2006--2050) periods. Next, we estimated the rate of change of temperature (∆*T* between historical and future projections). We then modeled the saturation pressure as a function of ∆*T* ([Eq. 1](#E1){ref-type="disp-formula"}), adding this change in saturation pressure (∆es) to the observed saturation pressure ([Eq. 2](#E2){ref-type="disp-formula"}). Observed saturation pressure and relativity humidity were cycled over the 2000s.$$\Delta\text{es}~(T) = 0.611~\text{exp}\left( \frac{17.21\Delta\mathit{T}}{\Delta\mathit{T} + 237.3} \right)$$$$V~\text{PD}~(\text{es},\text{rh}) = \left( 1 - \frac{\text{rhmax}}{100} \right)(\text{es} + \Delta\text{es})$$

Because the variability in precipitation projected by our climate models was substantially lower than the observed data ([@R43]), we applied the climate variability from the 2000s to future projections, adding it to the projected changes in precipitation. With this approach, the spatial patterns of drought are constrained mostly to the regions that experienced unusually low precipitation during the 2000s, a decade dominated by drought events associated with the warming phase of the AMO. This prescribed future climate was then used to calculate the MCWD within each decade ([@R44]).

Deforestation projections
-------------------------

Otimizagro is a spatially explicit model that simulates land use, land use change, forestry, deforestation, and regrowth under various scenarios of agricultural land demand and deforestation policies for Brazil ([@R45]). The model simulates nine annual crops (including single and double cropping), five perennial crops, and plantation forests. The model framework, developed using the Dinamica EGO platform ([@R46]), is structured in four spatial levels: (i) Brazil's biomes, (ii) Instituto Brasileiro de Geografia e Estatistica microregions, (iii) Brazilian municipalities, and (iv) a raster grid of 25-ha spatial resolution. Future demand for crops, deforestation, and regrowth rates are exogenous to the model. Projected annual deforestation rates (3100 km^2^ year^−1^) (fig. S3) consist of 2009--2014 averages for southern Amazonia \[Instituto Nacional de Pesquisas Espaciais (INPE) 2015\] ([@R7]). The spatial distribution of deforestation is a function of spatial determinants, such as distances to roads and previously deforested areas.

Simulations
-----------

To simulate potential changes in Amazon fire regimes, we performed four numerical experiments based on future climate and deforestation scenarios. In these experiments, we compared climate and deforestation impacts on fire regimes as a function of two different levels of global warming at the mid-century (2050), the RCP2.6 and RCP8.5 scenarios, and two scenarios of deforestation (no deforestation and deforestation following historical trends).
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Fig. S1. Components of our modeling framework.
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Table S4. Input variables used to run the fire spread component of our fire model (FISC), the source of the data, and the link to download the data.

Table S5. Input variables used to run our ecosystem model (CARLUC), the source of the data, and the link to download the data.
